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Evolutionary computation is a promising artificial intelligence field involving the simulation of natural evolution to solve
problems. Given its implicit parallelism and high computational requirements, evolutionary computation is the perfect can-
didate for high performance parallel computers. This paper presents Distributed BEAGLE, a new master-slave architecture
for parallel and distributed evolutionary computations. It is designed as a robust, adaptive, and scalable system targeted for
local networks of workstations and Beowulf clusters. Results obtained with a plausible deployment scenario demonstrate that
system performance degrades gracefully when failures occurred, while still achieving near linear speedup in the ideal case.

1 INTRODUCTION

Evolutionary Computations (EC) [1] is a promising
machine intelligence discipline involving the simula-
tion of natural evolution on computers. It is a generic
problem solving method applicable whenever solutions
can be represented by some data structure and evalu-
ated by an objective function; the so-called “fitness”
function. Populations of solutions – initially random
solutions – evolve over time through a sequence of pro-
cesses that include (natural) selection and different ge-
netic operations. In the end, the fittest individual is
chosen as “the” solution to the problem and, although
EC systems do not in general guaranty convergence
to an optimal solution, they have been shown in prac-
tice to outperform other techniques as well as human
experts for several hard problems [2,3].

However, this generic capacity often comes at a high
computational cost, especially when the evaluation of
the fitness function is time consuming, which is usu-
ally the case for non trivial problems. On the other
hand, the evolution process is implicitly parallel as ev-
ery individuals composing a population of potential
solutions can be processed mostly independently. This
paper introduces Distributed BEAGLE, an extension
of the Open BEAGLE EC framework [4], where evo-
lutionary processes can be efficiently and easily dis-
tributed on a network of loosely coupled computers.

Paper structure goes as follows. A presentation of
the principal EC flavors is first conducted. Then some
nomenclature is presented about the four main types of
Parallel and Distributed Evolutionary Computations
(PDEC). Thereafter, Open BEAGLE is summarized
before introducing the distributed BEAGLE architec-
ture. The paper finishes with an analysis of the merits
and limitations of the proposed system.

2 EVOLUTIONARY COMPUTA-
TIONS

A specific instance of an EC, an Evolutionary Al-
gorithm (EA), can be seen as an optimization pro-
cess in which a population of solutions evolves over
time, to solve a given problem. The EC principles
have been successfully applied to numerous situations
where classical methods of optimization, classification
and automatic design were not able to produce ade-
quate solutions. EC is generally divided in four ma-
jor flavors: genetic algorithms (GA), genetic program-
ming (GP), evolution strategy (ES), and evolutionary
programming (EP).

Genetic algorithms (GA) [5,6] involve the evolution
of a population of individuals representing possible so-
lutions to a problem. An individual is usually a string
of symbols defined over a given alphabet, most often
bits (individual = string of bits). The idea is inspired
from genetic DNA that composes every living creature.
The search process is made by an iterative application
of genetic operators, such as crossover, mutation, and
Darwinian selection operators biased toward the fittest
individuals. Using this Darwinian paradigm, a popu-
lation of solutions evolves until some stopping criterion
is reached. Figure 1 depicts a flowchart of the general
GA algorithm. GA has been widely used as a numeri-
cal method to optimize parameters of systems without
having any a priori knowledge about the search space.
Only a feedback criterion is needed to give an objective
value that guides the search.

Genetic programming (GP) [7,8] is a paradigm
that allows automatic programming of computers by
heuristics inspired from the same evolution principles
as GA: genetic operations of crossover and mutation,
and natural selection operation. The difference be-
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Figure 1. Classic GA Flowchart.

tween GA and GP lies mainly in the representation
used, for which GP is similar to a computer program
structure. Canonical GP was first formally expressed
by Koza in the beginning of the 1990s [7,9]. Koza’s
GP represents programs as trees, that is acyclic and
undirected graphs, where each node is associated to an
elementary operation specific to the problem domain.
Others have experimented with different representa-
tions, such as linear programs [8] or cyclic graphs [10].
GP is particularly adapted to the evolution of variable
length structures.

The evolution strategy (ES) paradigm was devel-
oped by I. Rechenberg and H.-P. Schwefel at the Berlin
Technical University in the 1960s [1,11]. In ES, each
individual is a set of characteristics of a potential solu-
tion. This set is generally represented as floating-point
vectors of fixed length. ES is applied to a parent popu-
lation (of size µ) from which individuals are randomly
selected to generate an offspring population (of size
λ � µ). Offsprings are modified by mutation, which
consists in adding a randomly generated value that fol-
lows some parametrized probability density function.
The parameters of this probability density function,
called the strategy parameters, themselves evolve over
time following the same principles. To engender a new
population of size µ, the best µ individuals are chosen
within either the λ offsprings (approach (µ, λ)), or the
µ parents and λ offsprings (approach (µ+λ)). Modern
ES can also be nested.

GA GP Other EC

Generic EC framework

Object oriented foundations

C++ Standard Template Library (STL)

Figure 2. Open BEAGLE Framework Architecture.

Evolutionary programming (EP) has been devel-
oped by L.J. Fogel in the 1960s and later by D.B. Fo-
gel et al. in the 1990s [12,1]. EP was initially designed
to evolve finite state machines and has been later ex-
tended to parameter optimization problems. The ap-
proach is more focused on the relation between par-
ents and offsprings than on the simulation of nature-
inspired genetic operators. Contrary to the three first
EC flavors, EP doesn’t involve the use of a particu-
lar representation, but rather a high-level evolutionary
model and a representation appropriate for the prob-
lem to solve. Only a mutation operator specific to the
representation is needed. To do EP, a population of
µ solutions is randomly generated. Each individual
of the population produces λ offsprings resulting from
mutation. Then, a natural selection operation is ap-
plied to produce a new population of µ individuals.
The mutation - selection process is applied iteratively
until a good solution is found.

3 OPEN BEAGLE

Open BEAGLE1 [4] is a C++ framework for do-
ing almost any kind of EC. Its architecture follows
the principles of Object Oriented (OO) programming,
where some abstractions are represented by loosely
coupled objects and where it is common and easy to
reuse code. Open BEAGLE has a three level architec-
ture as illustrated in Figure 2. The OO foundations are
the basis of this architecture, as a high-level extension
of C++, inspired by design patterns [13,14]. It offers
basic functionalities like smart pointers and garbage
collection, object allocators, standard containers, and
XML readers/writers. The generic EC framework im-
plements basic mechanisms and structures to design
versatile specialized Evolutionary Algorithms (EA). It
is summarized in Figure 3.

The generic EC framework comprises three main
components: a vivarium, an evolution system, and
an evolver. The vivarium is a container for demes of
generic individuals. The individuals themselves are
specified by an abstract genotype. This genotype can

1The recursive acronym BEAGLE means the Beagle Engine is
an Advanced Genetic Learning Environment, or in French Bea-
gle est un Environnement d’Apprentissage Génétique Logiciel
Évolué.
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Figure 3. Open BEAGLE Generic EC Framework Ar-
chitecture.

be instantiated to any relevant structure (in Figure 3,
it is shown as a GP tree, but this is just an exam-
ple). Individuals and demes can also be specialized if
needed. Open BEAGLE is a multiple populations EC
system where synchronous migration between demes
is possible. It takes advantages of greater diversity
provided by the simulation of the island-model (see
section 4) on one processor.

In the evolution system, the context contains the
state of the genetic engine, such as the current deme
and generation number. This concept is similar to the
execution context of a computer. The register is a
central repository for all evolution parameters. The
evolving process itself is governed by an evolver that
defines sequences of operations, contained in operator
sets, that are iteratively applied to demes. The evolver
applies the bootstrap operator set to initialize the first
generation, and the main-loop operator set to the sub-
sequent generations. For common EA, standard oper-
ators have been defined. These can be common genetic
operators, such as selection, crossovers, and mutations,
or more functional ones such as statistics calculation,
evolution checkpoint backup, and migration operators.
This approach is abstract from the evolutionary algo-
rithm used. New algorithms can be made by plugging
together standard and custom operators.

The specialized frameworks are at the top level of
the architecture. Currently, only classical genetic al-
gorithms and genetic programming frameworks have
been implemented. The framework code and docu-
mentation is available on the project’s Web page at
http://www.gel.ulaval.ca/˜beagle.

4 PARALLEL AND DISTRIBUTED
EVOLUTIONARY COMPUTA-
TIONS

EC is a very generic approach to solve problems.
But, applying of EC to real-life problems is usually
computationally burdensome, as the CPU time needed
to evaluate the fitness of an individual can easily be in

the order of seconds or even minutes. However, it is
quite easy to exploit the implicit parallelism of EC by
distributing the evolutions on several processors.

There are usually four types of Parallel and Dis-
tributed Evolutionary Computations (PDEC) [15]:
master-slave with one population, island-model made
of several distinct populations, fine-grained, and hier-
archical hybrids.

Master-slave

Usually, this kind of PDEC has one processor which
store the whole population and apply genetic operators
(selection, crossover, and mutation). At each genera-
tion, the master processor distributes the individuals
to slave processors for fitness evaluation. For most
difficult problems, fitness evaluation is the main com-
putation bottleneck of EA. This type of PDEC works
on a global population and is a simple transposition of
the evolution process on several processors.

Island-model

An island-model PDEC consists in evolving isolated
sub-populations, named demes, that occasionally ex-
change individuals in a migration process. These algo-
rithms are very popular in the EC community. Super-
linear speedup2 have been observed when using the
island-model [16]. According to Cantú-Paz [15], how-
ever, these observations are probably the result of an
additional selection pressure induced by the migration
process: when the k best individuals of a given deme
replace the k worst individuals of another deme, for ex-
ample. Anyway, using multiple populations with mi-
gration schemes usually encourages diversity and pre-
vents premature convergence.

Fine-grained

A fine-grained PDEC consists in evolving popula-
tions spatially distributed on processors, generally us-
ing a rectangular matrix. Ideally, one individual is
assigned to each processor, which allow evaluation of
all individuals in parallel. This class of PDEC is par-
ticularly adapted to massively parallel SIMD comput-
ers. The fine-grained approach is now rarely used in
the EC community, as SIMD supercomputers have a
low CPU power over cost ratio compared to modern
Beowulf clusters [17].

Hierarchical hybrids

This class of PDEC uses an hybrid approach be-
tween master-slave and island-model. In hierarchical
hybrids, sub-populations evolve on local networks, us-
ing the master-slave (or fine-grained) distribution evo-
lution model. At a higher level, the local network
populations represent demes of a global island-model.
Individuals are exchanged between these demes using
migration. Hierarchical hybrids tends to exploit the

2Super-linear speedup is observed when the processing time
needed for an evolution to converge on n processors is less than
1
n

the processing time needed on a single processor.
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positive aspects of both master-slave (or fine-grained)
and multiple population models.

We found three freely available PDEC systems on
the Web: DREAM, ECJ, and GALOPPS. DREAM3

(Distributed Resource Evolutionary Algorithm Ma-
chine) [18] is a peer-to-peer system based on the island-
model. In DREAM, each node evolves its own pop-
ulation. Nodes discover the network by interacting
with their neighbors. The DREAM system is targeted
toward Wide Area Networks (WAN) where commu-
nication costs are high [19]. It is very scalable and
robust as there is no critical entity that the system de-
pends upon. But it has the limitations of the island-
model. ECJ4 is also based on the island-model. It is
a generic EC Java-based framework that implements
its PDEC using Java TCP/IP sockets. Its distribu-
tion features are not as sophisticated as DREAM, but
it includes enough functionalities to be used on Lo-
cal Area Networks (LAN) or on Beowulf clusters. Fi-
nally, GALOPPS5 (Genetic ALgorithm Optimized for
Portability and Parallelism System) is also based on
the island-model. It is tightly linked with a specific ge-
netic algorithms library, S-GA. It uses the file system
to share information among processors. We are not
aware of any freely available master-slave PDEC. But
we know that several researchers have implemented
basic master-slave architectures based on tools such
as PVM or MPI.

5 DISTRIBUTED BEAGLE

Distributed BEAGLE is an extension of the Open
BEAGLE framework which allow evolution distribu-
tion on several processors. Evolutions are distributed
using a master-slave model. The architecture is inde-
pendent of the evolutionary algorithm used in Open
BEAGLE. Distributed BEAGLE is targeted toward
Beowulf clusters or LANs of workstations, where the
cost of communication is relatively low.

Distributed BEAGLE comprises four main compo-
nents: the database, the server, one or more evolver
clients, and a pool of evaluation clients. Figure 4 illus-
trates the system architecture. The system works on
data by separating the EC generation concept into two
distinct steps: deme evolution and fitness evaluation.
Deme evolution is done by evolver clients. It consists
in applying several genetic and natural selection op-
erations to evolve the deme through one generation.
Once a deme has evolved, the composing individuals
need to be evaluated for fitness. Fitness evaluation
is done by evaluation clients. When all individuals
have been evaluated, the generation is finished and
the demes are ready to be evolved again. Since the
computational bottleneck in EC is usually the fitness

3http://www.world-wide-dream.org
4http://www.cs.umd.edu/projects/plus/ec/ecj
5http://garage.cps.msu.edu/software/galopps

Monitor
Client

Evolver
Client

Evaluation
Client

Server

Database

1..P

Figure 4. Distributed BEAGLE Architecture.

evaluation (at least for hard problems), an evolution
with Distributed BEAGLE is usually conducted using
a single evolution client and as much evaluation clients
as possible (one per available processor).

Database

The database guarantees data persistency by storing
the demes and the evolution state. This is an impor-
tant element of robustness for such a software system,
where computations may span several weeks or even
months. Furthermore, the use of a common database
separates software elements specific to EC from pop-
ulation storage management. Data are classified into
two categories: demes that require evolution, and in-
dividuals that need evaluation. The database in Dis-
tributed BEAGLE is inspired from the distributed and
persistent evolutionary algorithm design pattern [20].

Server

The server acts as an interface between the different
clients and the database. The primary function of the
server is to dispatch the demes to evolver clients, and
the individuals to evaluation clients. The number of
individuals sent to an evaluation client depends on a
load balancing mechanism. This mechanism dynam-
ically and independently adjusts the number of indi-
viduals sent to a given evaluation node based on its
recent performance history.

Evolver client

An evolver client sends requests for a deme to the
server, and then applies selection and genetic opera-
tions on this deme. These operations are usually spe-
cific to the implemented EC flavor.

Evaluation client

An evaluation client sends requests to the server for
individuals that need to be evaluated. The number
of individuals returned by the server is variable and
depends on the (recent) past performance of the client.
The evaluation clients are specific to the problem at
hand.
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Monitor client

A monitor client sends requests to the server in order
to retrieve the current state of the evolution, allowing
users to monitor it. This client does not modify the
database content.

Load balancing

The load balancing policy is to regulate the size of
individual sets in order to achieve (approximately) a
constant time period between requests for all evalua-
tion clients. For fast clients, more individuals are sent
in order to lower communication latency. For slow
clients, fewer individuals are sent in order to mini-
mize synchronization overheads at the end of an eval-
uation cycle. The pursued time period is set during
initialization and can be modified during evolution in
order to optimize throughput. This design choice of
Distributed BEAGLE allows efficient performances on
loosely-coupled multi-processor systems such as Be-
owulf clusters or LAN of workstations.

When all individuals of a deme have been dis-
tributed and after a time out proportional to the load
balancing time period, individuals that have been sent
to lagging nodes are automatically re-dispatched to
other nodes by the server until it receives a fitness re-
sponse. If duplicate answers are received, only the first
one is kept and all others are discarded. This approach
both reduces the synchronization time needed to finish
a generation and assures general fault tolerance for the
system.

A prototype of Distributed BEAGLE has been de-
veloped using a MySQL6 database, TCP/IP sockets
as the communication protocol and XML (eXtensible
Markup Language) [21] for data encoding. The use of
XML is inspired from lightweight XML-based proto-
cols for distributed applications such as XML-RPC7

and SOAP8. The main advantages of using XML is
that messages are strongly structured, they are repre-
sented using portable character encoding, and there is
a variety of XML parsers available to process messages.

6 ANALYSIS

In classical master-slave PDEC, two main distribu-
tion policies can be used. The first, n-slaves-n-sets,
separates the demes into n equal sets of individuals
and then sends a set to each of the n nodes. It has the
advantage of minimizing the number of client-server
connections. But non homogeneous clients generate
synchronization overheads as the processing of the fit-
ness evaluation will be as fast as the slowest node.
Also, if a node is removed or crashed, its associated set
of individuals must be re-dispatched to another node,
emphasizing the synchronization overhead. Moreover,

6http://www.mysql.com
7http://www.xmlrpc.org
8http://www.w3.org/TR/SOAP

a slave added during an evaluation cycle will not be
used until the next generation.

The second distribution policy is to send the individ-
uals one-by-one to client nodes. Using this approach,
the synchronization problems are minimized and an
implicit load-balancing is accomplished. Nodes can be
added (or removed) dynamically with minimal over-
head. But the problem that lurks is communication
latency which reduces scalability of the system.

Distributed BEAGLE exploits a half-way policy
where a variable-size set of individuals is sent to eval-
uation nodes. The speedup of such an approach can
be modeled using the following equation.

speedup =
Ts

Tp
(1)

where Ts is the time needed to evaluate the fitness of
the demes on a single processor, and Tp is the time
needed to evaluate the fitness of the same deme in
parallel, using P processors. We assume here that the
time required for selection and genetic operations (pro-
cessed by the evolver client) is negligible. Time Ts is
given by:

Ts = NTf (2)

where Tf is the time needed to evaluate the fitness of
a single individual, and N is the population size. As-
suming a fixed size S for the sets of individuals (i.e.
complexity of the fitness evaluation is about constant
over all individuals and processing nodes are homoge-
neous), and that the number of communication cycles
C for a generation is:

C =
⌈

N

PS

⌉
(3)

then time Tp can be modeled by:

Tp = CSTf︸ ︷︷ ︸
computation

+ CPSTc︸ ︷︷ ︸
communication

+ CTl︸︷︷︸
latency

(4)

where Tc is the transmission time needed to send one
individual and receive its fitness, and Tl is the average
latency of each connection (here we assume that the
load on the server and the network is constant). Fi-
nally, a last term Tk may be added to equation 4 to
represent the time delay associated with node failure:

Tp = CSTf + CPSTc + CTl + Tk (5)

with:

Tk =


0 K = 0

(1− 0.5K)STf︸ ︷︷ ︸
synchronization

+KSTc︸ ︷︷ ︸
comm.

+ Tl︸︷︷︸
latency

K ∈ [1, P ]

(6)
where K is the number of observed failures. The term
associated with synchronization in equation 6 is given
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under the assumptions that each failure follows a Pois-
son process and occurs on average at half-way time
during an evaluation cycle (i.e. at time STf/2). We
neglect here slowdown associated with processors un-
availability, which is likely in presence of failure. It
would have greatly complicate the equations while giv-
ing no pertinent informations as the loss would be the
same independently of the parameters used (i.e. the
value of S).

Equipped with this model, we can now investigate
some scenarios. Supposing a Beowulf cluster made of
identical computers and a 100 Mbit/s Ethernet switch.
We evolve populations of N = 500000 individuals (to-
tal) where fitness evaluation requires an average of
Tf = 1 s. Assume that the average length of indi-
viduals (coded in XML), including their fitness, is 1
Kbyte, which may necessitate about Tc = 1.4 × 10−4

s to transmit over the network9. Finally, let the av-
erage latency per connection be Tl = 0.1 s (this value
seems quite high but includes all connection latency,
that is latency associated to networking, operating sys-
tem, and program processing). Figure 5 illustrates the
corresponding speedup curves for different S values
and without any failure. This figure shows speedup
near linear (near optimal) for S = {10, 0.1N

P , N
P }. For

S = 1, however, performance degrades significantly
given the large latency delay.

Now, Figures 6 and 7 show the same curves but for
one and five failures respectively (K = 1 and K = 5).
These Figures show that a value S = N

P no longer
achieves linear speedup, and that the intermediary
value of S = 10 (in this scenario) makes a good com-
promise between efficiency and robustness. When the
number of failure increases, greater loss of performance
should be expected with larger sets of individuals. In
any case, the second common policy of splitting the to-
tal number of individuals into equal size sets (S = N

P )
is not robust to node failures nor is the first policy
efficient for lagging networks. These curves illustrate
that the S parameter should be adjusted dynamically
in order to optimize performance. In future release this
process could even be automated using an intelligent
monitor client.

In the above analysis, it was implicitly assumed that
the server would never be overwhelmed by the client
requests. But in fact, passed a certain threshold on
the number of processors, the speedup will reach an
asymptote and stagnate with no further performance
improvements. This implies that a connection com-
munication time must be less than the time needed to
evaluate the fitness of a single set of individuals plus
the latency of a connection.

SPTc ≤ STf + Tl (7)

9This value stems from an effective network bandwidth of ≈ 7
MB/s.
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Figure 5. Speedup curves for different set sizes when
no failure occur (K = 0). Parameters used are N =
500000, Tf = 1, Tc = 1.4× 10−4, and Tl = 0.1.

0 50 100 150 200 250 300 350 400
0

50

100

150

200

250

300

350

400

P

sp
ee

du
p

S=1
S=10
S=0.1N/P
S=N/P

Figure 6. Speedup curves for different set sizes when
exactly one failure occurs at each generation (K = 1).
Parameters used are N = 500000, Tf = 1, Tc = 1.4×
10−4, and Tl = 0.1.

0 50 100 150 200 250 300 350 400
0

50

100

150

200

250

300

350

400

P

sp
ee

du
p

S=1
S=10
S=0.1N/P
S=N/P

Figure 7. Speedup curves for different set sizes when
exactly five failures occur at each generation (K = 5).
Parameters used are N = 500000, Tf = 1, Tc = 1.4×
10−4, and Tl = 0.1.

6



and thus:
P ≤ STf + Tl

STc
(8)

Now, if we set S = FN
P , that is a ratio F of the maxi-

mum size of individuals set, then the maximum num-
ber of processors becomes:

P ≤ FNTf

FNTc − Tl
(9)

With the parameters used in our scenario (i.e. N =
500000, Tf = 1, Tc = 1.4 × 10−4, and Tl = 0.1), we
obtain a maximum of 7800 processors for S = 1, and
around 7200 processors for S = {10, 0.1N

P , N
P }. It goes

to show that the system can scale well for a relatively
high number of processors.

7 DISCUSSION

The island-model is the PDEC that currently re-
ceives the most attention in the EC community. Here
is a list of the advantages that make this distribution
model attractive:

• Scales well as each node communicates only in-
frequently with its neighbors.

• Robust as there is no centralized control. Data
are distributed among nodes; a node crash
doesn’t affect much the other nodes.

• Communication is asynchronous and limited to
punctual migration of small set of individuals.

• Implicit uses of multidemic populations.

But the island-model also has several limitations:

• Population sizes must be tuned to roughly bal-
ance computational load of nodes.

• Evolution cannot be reproduced, as migration is
asynchronous and depends on the state of the
processors/network.

• Distribution of results among nodes complicates
data collection and analysis.

• Not particularly adapted to networks of non ho-
mogeneous computers where availability of nodes
is limited in time.

• When a node crashes, part of the global popula-
tion doesn’t evolve and may even be lost.

On the other hand, master-slave PDEC have also
been widely used by the EC community for the follow-
ing reasons:

• Simple transposition of the single processor evo-
lutionary algorithm onto multiple processor ar-
chitectures. Allows reproducibility of results.

• No information lost when a slave crashes or is
unreachable by the master.

• Appropriate for networks of computers where
availability is sometimes limited (i.e. available
only during night time). A node can be added
or removed dynamically with no loss of informa-
tion.

• A centralized repository of the population sim-
plifies data collection and analysis.

But the master-slave also has limitations that restrict
their usability under some circumstances:

• May not scale as well when the master is over-
loaded or when the population size becomes very
high.

• A crash of the master node can paralyze the
whole evolution.

• Significant communication cost as all individuals
are transmitted through the network.

• Synchronization overhead for lagging slave
nodes10.

The critical failure point of Distributed BEAGLE is
the server. If it crashes, the whole system comes down.
But, data persistency is guaranteed by the database.
Another interesting aspect of Distributed BEAGLE is
the robustness over computer or network failures. If
a client (slave) crashes or is unreachable over the net-
work, the data under process is not lost.

An important design choice of Open BEAGLE is
the use of a multidemic population model with syn-
chronous migration. This is independent of Dis-
tributed BEAGLE. It separates parallel multiple pop-
ulations from evolution distributed on multiple pro-
cessors. As far as we know, there is no other such
system currently available. We strongly believe that
there is no need to evolve a separate deme on every
available processor. Moreover, the size of the demes
do not needs to be proportional to processor perfor-
mance. Adding a degree of liberty by separating these
elements enable a finer control over the evolution pa-
rameters.

8 CONCLUSION

This paper has presented Distributed BEAGLE,
a distribution extension to the Open BEAGLE EC
framework. Basically, it is a master-slave PDEC sys-
tem that implements several features which enhance
its general robustness and efficiency:

• Persistent database;

• Dynamically adjustable sets of individuals sent
to clients;

• Redistribution of data when clients are lagging
or not responding;

10Assuming a generational evolutionary algorithm.
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• Multidemic populations implemented in a pro-
cessor independent way.

The Distributed BEAGLE project is still under de-
velopment. We plan to make it an open source project
as soon as the software will be in a stable state, with
adequate testing for a beta release. It is targeted for
Beowulf clusters and LAN of workstations (also for
high performance WAN). It is therefore planned to
transform this master-slave architecture into an hier-
archical hybrid system, by adding a migration client
that will exchange individuals between servers. This
will transform master-slave sets into meta-island of
a broader evolution environment. Finally, although
the current implementation is specialized to do EC,
it could possibly be transformed into a more generic
framework for distributed computations.
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